Wind power forecasting is of great significance to the safety, reliability and stability of power grid. In this study, the GARCH type models are employed to explore the asymmetric features of wind power time series and improved forecasting precision. Benchmark Symmetric Curve (BSC) and Asymmetric Curve Index (ACI) are proposed as new asymmetric volatility analytical tool, and several generalized applications are presented. In the case study, the utility of the GARCH-type models in depicting time-varying volatility of wind power time series is demonstrated with the asymmetry effect, verified by the asymmetric parameter estimation. With benefit of the enhanced News Impact Curve (NIC) analysis, the responses in volatility to the magnitude and the sign of shocks are emphasized. The results are all confirmed to be consistent despite varied model specifications. The case study verifies that the models considering the asymmetric effect of volatility benefit the wind power forecasting performance.
Introduction
On account of the lack of fossil resources and environment protection demand, wind power is becoming one of the most rapidly growing renewable energy sources, and regarded as an appealing alternative to conventional power generated from fossil fuel, which plays a very important role in national energy policies all around the world. Because of its advantages of clean, low carbon and renewable energy, wind power has provided strong support for energy saving, emission reduction and environmental protection in various countries [1, 2] . According to the data released in 2017, it has been stated that the global installed wind power capacity has been 539 GW by the end of 2017 and a new record will be set in the future. Particularly, China, as the driver of global market growth for most of the last decade, increased its capacity by 19 .7GW in 2017. The wind power generation reached 305.7 TWh in 2017 [3] . However, the amount of power generation in wind farms usually show wide fluctuations, therefore, it is difficult to forecast precisely and establish an accurate dispatch plan.
Various approaches have been applied in the forecasting of wind power [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] . A review of state-of-the-art approaches to wind speed forecasting has been published in [4] . Models used for wind speed forecasting can be usually categorized as physics-based models [5] , statistical models, and spatial models [6] , which includes ARIMA [7] , Generalized Autoregressive Conditional Heteroskedasticity (GARCH) [8] , Kalman filters [9] and more recent machine learning technologies such as neural networks [10, 11] and machine learning and deep learning methods [12, 13] , are widely used in recent literature papers. Moreover, some ensemble approaches witness the improved the forecasting accuracy than the single methods [14] .
The GARCH [8] , usually has a better performance because traditional statistical methods like ARMA are built on linear assumptions and the nonlinear patterns hidden in the wind speed time series is hard to be captured. However, the research on the characteristics analysis of wind power time series is far from substantial. The GARCH model assumes that the response of volatility to a shock is a function of the shock strength only, without any correlation with the sign of the shock. In contrast, empirical evidence indicates that positive and negative shocks of equal strength may lead to different responses to the volatility in some practical time series. For example, due to the structure of a wind turbine, the influences of wind increasing and wind weakening is different. The standard GARCH model cannot depict this characteristic.
This paper focuses on the asymmetric characteristics in the volatility of wind power time series, which is very different from the related literature. The asymmetric GARCH models are employed to capture the asymmetric characteristics of volatility. Furthermore, the forecasting ability of GARCH type models is verified according to 3 statistical criteria.
Special attention is paid to the impact of news on the volatility of wind power time series with the News Impact Curve (NIC), which is presented in reference [15] . NIC is regarded as an efficient analytical tool to measure the extent of new information being incorporated into volatility estimates in many research domains. However, the classical NIC has some limitations in the analysis on the wind power time series with complicated volatility characteristics. Further modification and complementarities to refine the classical NIC are necessary. In this paper, two novel notions, including a Benchmark Symmetric Curve (BSC) and Asymmetric Curve Index (ACI), are proposed to provide an enhanced NIC analysis. Specifically, BSC is proposed to give a modest benchmark to the asymmetric NIC, and ACI is presented to quantitatively measure the asymmetry of NIC.
The paper is organized as follows. First, Section II presents a survey of asymmetric GARCH type models. Section III illustrates the extended notion of the NIC. Section IV demonstrates the results of a case study. With the refined NIC with a BSC and ACI, the responses in conditional variance of GARCH-type models are analyzed. Furthermore, the out-of-sample forecasting of GARCH type models is illustrated. At last, discussions are concluded in Section V.
2 Asymmetric GARCH models 2.1 GARCH-M model GARCH model, an extended version of ARCH model [16] , offers a general framework to model the heteroscedastic characteristic in time series [17] .
The original GARCH (p, q) model is formulated by (1) and (2) as below:
Conditional Mean:
Conditional Variance:
is the expectation taking into account the information set, Ω t − 1 ,dated t-1 and earlier. Non-negative integers, p and q, are the order of the variance equation, and α 0 > 0, α i ≥ 0, (i = 1, 2, ⋯q); β j ≥ 0, (j = 1, 2…p), respectively.
Moreover, considering the correlation of the volatility and the average value of wind power, which is called GARCH in mean effect [8] , introducing a GARCH-M model to depict the wind power time series is a more appropriate choice.
A basic GARCH-M model is formulated by (3) and (2),
where, h t is defined as a GARCH process, given by (2), and E(g(h t )) is the expectation of g(h t ).
The volatility compensation term g(h t ) is a function with positive range which denotes the impact magnitude of volatility on the conditional mean equation. Practically, there are three popular hypothesises of g(h t ):
where, δ is the volatility compensation parameter that can describe the direct influence of the volatility term on the conditional mean of wind power time series.
Asymmetric GARCH type models
To accommodate these asymmetric characteristics of the volatility, various extensions of asymmetric GARCH type models are developed. These models include GJRGARCH [17] , APARCH [18] , and EGARCH [19] , etc.
The above three models are employed in this study and introduced as follows. Note that each conditional mean equation of these models is defined as (3) with the volatility compensation term shown in (4), (5) or (6).
1) GJR GARCH
The conditional variance equation of GJR GARCH model is specified as
where γ denotes the asymmetric parameter; d t − 1 denotes a dummy variable when ε t − 1 < 0, d t − 1 =1 and when ε t − 1 ≥ 0, d t − 1 =0.
2) APARCH
An asymmetric power ARCH (APARCH) model specifies h t as h δ .
where γ is the asymmetric parameter and δ is the power term parameter. It is probable to fit lots of GARCH type models within the APARCH model by assigning certain values to α, β, γ and δ.
Especially, APARCH will be reduced to a GARCH model, if α, β is free, d = 2 and γ = 0.
3) EGARCH
EGARCH is another popular model of asymmetric GARCH type. Conditional variance equation of an EGARCH model is defined as follows
The asymmetric factor ϕ i denotes the asymmetric effect to different shocks. The positive shocks bear stronger marked impact than the negative shocks if ϕ i > 0, while the positive shocks contribute less volatility than negative shocks if ϕ i < 0.
Improved models considering non-Gaussian distribution
In standard GARCH type models, the distribution of innovation is generally assumed to be the normal distribution. However, for many time series, this sort of assumption does not suit the excess of kurtosis. There exist lots of reports about the empirical conditional distribution with heavy tails [20, 21] .
In order to depict leptokurtosis more precisely, t-distribution and Generalized Error Distribution (GED) are selected as heavy tail alternative distributions.
The density of t-distribution is usually defined as:
where k > 0 , Γ(⋅) denotes gamma function.
The density of a GED, normalized to mean = 0 and variance = 1, is expressed as
where λ is a constant which is defined as λ ¼
1 2 , and v denotes a shape parameter. Specially, for v = 2, x follows standard normal distribution. For v < 2, tails of the distribution of x are heavier than that of the normal distribution.
In this paper, the innovations with normal distribution
; kÞ ) and GED ( ν t ∼ i:i:d: GEDð0; 1; vÞ ) are integrated into asymmetric GARCH type models, respectively.
Estimation
In this work, Conditional Maximum Likelihood Estimate (CMLE) is introduced to specify asymmetric GARCH type model with the normal distribution, such as GJR, APARCH and EGARCH. A Marquardt algorithm, a popular refined version of a Gauss-Newton algorithm, is employed to optimize the iterative process. Furthermore, by maximizing the log-likelihood function, the estimates of parameters in the heavy-tailed asymmetric GARCH type models can be also calculated, given the condition that v t follows t-distribution or GED for GJR-GED, GJR-t, APARCH-t, APARCH-GED, EGARCH-t, and EGARCH-GED, respectively. A BHHH algorithm, instead of the Marquardt algorithm, is introduced to carry out the iterative process [21] .
3 The enhanced NIC analysis
The classical NIC
Reference [14] proposed the news impact curve (NIC) as the recommended method to analyze asymmetry in how new information impacts the following period variance.
In classical NIC, by keeping the information dated t-2 and earlier as constant, the implicit relationship between ε t-1 and h t can be highlighted. To simplify the problem, all lagged conditional variances are estimated at the numerical level of the unconditional variance.
In particular, for the standard GARCH model, the NIC is a symmetric curve with the quadratic function, which has a symmetry axis, ε t-1 = 0. In the typical asymmetric GARCH model, the NIC is an asymmetric curve with the minimum at ε t-1 = 0.
In this study, to simplify the discussion, the lowest point of the NIC is removed to the original point. For instance, the NIC of GJR (1, 1) model is shown as
Note that the lagged conditional variance is estimated at its unconditional level.
The benchmark symmetric curve (BSC)
Since the NIC of standard GARCH is symmetric, it is often used as a benchmark to illustrate the asymmetry of other GARCH type models. Reference [14] uses the NIC of GARCH model as a benchmark; it is a good choice for GJR, but not for APARCH or another asymmetric GARCH models with complicated structure. That is to say, due to a variety in the left of variance eqs. (7) (8) (9) , the shapes of NIC of GARCH type models are greatly different from this benchmark curve based on GARCH. In this case, the comparison with the NIC of GARCH might not be proper. A new form of the benchmark is derived as follows.
The conditional variance equation of a parametric asymmetric GARCH type model can be decomposed as
Considering the classical assumption of NIC, the news dated t-2 and earlier is held. Specification of (13) can be reduced to (14) 
where η(ε t-1 ) is a function decided by ε t-1 , which has the asymmetric parameter to illustrate the asymmetry in volatility, while f(I) has no relevance with ε t . Assigning the asymmetric parameter of the η(ε t ) zero, the η even (ε t ) is obtained, which is obviously an even function of ε t .
The Benchmark Symmetric Curve (BSC) of an asymmetric GARCH type model, noting as XGARCH, can be defined by
where, f(I) + η even (ε t-1 ) is a function decided by ε t-1 . And the H-ε t-1 curve is the BSC of XGARCH model. For example, the BSC of APARCH (1, 1) model can be derived as
3.3 The asymmetric curve index (ACI)
The asymmetric volatility brought by new information is explicitly recognized by the NIC. Though reference [21] proposed the method that can determine the level of asymmetry by the figure of the NIC, the quantitatively evaluating method is lacking. Asymmetric Curve Index (ACI), which can give a quantitative judge to the extent of volatility asymmetry, is proposed in this work.
A parametric GARCH type model, either asymmetric or symmetric, can be decomposed as
Obviously, if the GARCH type model has a symmetric structure, the ACI is fixed at zero consequentially.
Then, the novel ACIs are applied to some typical asymmetric GARCH type models.
For the GJR-GARCH (1, 1) model, the ACI can be obtained as:
Note that in the GJR GARCH model, the ACI GJR does not depend on E t-1 . It just depends on the parameter of γ and α 1 .
For the APARCH (1, 1) model, the ACI can be expressed as
For the EGARCH (1, 1) model the ACI can be derived as
Note that in all GARCH type models, the ACIs are only governed by the parameter of variance equations. With ACIs, the asymmetry of the NIC can be measured quantitatively.
Case study
Firstly, the asymmetry effect in the volatility of wind power time series is witnessed by modeling asymmetric GARCH type models. News Impact Curve is applied to analyze the asymmetry characteristics in wind power series. Furthermore, the application of new notions, BSC and ACI, are illustrated. Finally, the forecasting precisions of all the asymmetric GARCH-type models are compared.
Data description
Considering that Yancheng, a city with abundant coastal wind resources in east China, is able to represent the pattern of wind power in East China, Data of wind farm groups in Yancheng, is used to collate the results generated by the asymmetric GARCH wind power forecasting models.
The sample originates from the wind power data between April 1 and April 7. The wind power data is captured every 5 min, thus, there are 288 data points each day, and the overall data sample includes 2016 points of data. The statistics of the data is summarized in Table 1 .
The 5-min forecasting of wind power on April 8 by GARCH type models is provided. Forecasting precisions of these models are verified by a comparison with the actual data, in terms of several statistical indices.
Modeling
The results of an ADF test and PP test are consistent with the fact that the original wind power series Y t is not stationary at a 5% significance level.
Differencing is used to get the first-differenced series I t . At the 1% significance level, the statistics of the ADF test is statistically significant. Moreover, the result of PP test is in accord with the result of ADF test. Therefore, the stationarity of I t is verified and the stationary precondition of modeling is satisfied. The following modeling focuses on I t .
Parameter estimate
The ARMA structure, including p autoregressive (AR) and q moving average (MA) terms, is used to depicted the conditional mean of the GARCH type model. The conditional mean equation of the ARMA-GARCH-M model is given as
Based on reference [7] , the orders of model are determined as ARMA (4, 5)-GARCH (1, 1)-M with g(h t ) = δh t (GARCH-M 1 , for short). Furthermore, the parameter set Θ GARCH = (ϑ, δ, Ω, α 1 , β 1 ) is obtained by CMLE, where ϑ stands for the ARMA parameter subset in a conditional mean equation. Similarly, with the same routine, the GARCH-M 2 following (5) and the GARCH-M 3 following (6) can be obtained, respectively. Moreover, inducing the asymmetric GARCH structure,the GJR-M 1 , GJR-M 2 , GJR-M 3 , EGARCH-M 1 , EGARCH-M 2 , EGARCH-M 3 , APARCH-M 1 , APARCH-M 2 , and APARCH-M 3 can be obtained.
Parameters of 9 asymmetric GARCH-M models estimated by CMLE, are shown in Table 2 .
In view of the heavy tail effect in the wind power volatility, these asymmetric GARCH-M models are generalized to heavy tail versions. Estimates of the 9 asymmetric GARCH-M models with t-distribution and the 9 asymmetric GARCH-M models with GED are summarized in Table 3 . Similarly, the standard error is presented in parentheses.
According to Table 1 and Table 2 , it can be found that:
1) The witness of asymmetric conditional volatility is verified by the asymmetric parameter in every GARCH type model. According to Table 1 , the estimated value of ϕ in (9) is 0.098227, 0.095975 and 0.095157 respectively; the estimated value of γ in (7) is − 0.11382, − 0.11407, and − 0.11595 respectively; the estimated (8) is − 0.78405, − 0.71568, and − 0.66128, respectively. All asymmetric parameters are significant, and the existence of asymmetric volatility is witnessed. Moreover, owing to the definition of ϕ and γ, the physical meaning of asymmetric effect is consistent.
That is to say, if the innovation is positive, the future volatility will be stronger than the case where the innovation is negative in the same magnitude. Note that the asymmetric effect of wind power time series is similar to the effect of load time series. 2) The estimated parameters, ϕ and γ, of the fat-tail asymmetric GARCH-M model in Table 2 are in accordance with the corresponding parameters of the GARCH-M model in Table 1 . Despite significant difference among these models, The existence of asymmetric effect of the wind power time series is affirmed.
3) The values of GED shape parameters of all GED versions of asymmetric GARCH models between 1.56 and 1.57. In this case, GED has heavier tails than normal distribution. Moreover, the tdistribution freedom parameters in the tdistribution version of asymmetric GARCH models are significant. Therefore, the heavy tail effect in wind power series is doubly confirmed.
The application of NIC and BSC
With the discussion in Section 3, the enhanced NIC is proposed to analyze the impact of positive and negative idiosyncratic shocks on the volatility of the wind power time series.
The choice of different volatility compensation terms has little influence on the shape of the NIC in a practical wind power time series. To simplify the discussion, only the type I GARCH-M structure, defined by (4), is employed in the mean equation, and NICs and BSCs of the asymmetric GARCH-M 1 models are presented.
1) GJR-M 1
To simplify the comparison, all the curves have been moved to the original point. According to Table 1 , the equation of NICs of GJR-M 1 models with normal distributions is shown as
According to the definition of BSC, the equation of GJR-M 1 BSC that has been moved to the original point is shown as
Similarly, according to Table 1 , the equations of NICs of GJR-M 1 models with t-distributions and GEDs are shown as 
Furthermore, the NICs of GJR-M 1 models with different distributions and the BSC of GJR-M 1 are represented as Fig. 1, respectively. As shown in Fig. 1 , H t is plotted againstε t-1 . The blue line, red line and green line stand for the NIC of a standard GJR-M 1 model, GJR-M 1 with t-distributions and GJR-M 1 with generalized error distributions, respectively. Note that black dotted line denotes the vertical axis of the NIC group.
The Benchmark Symmetric Curve of GJR acts as a benchmark. As illustrated in Fig. 1 , the left branch of GJRGARCH _NIC is lower than the right branch. It is indicated that positive shocks impose more influence on volatility than negative shocks with the same magnitude. It can be found that the asymmetry of the NIC can be verified distinctly, with the help of the symmetric structure of the BSC.
2) APARCH-M 1
Furthermore, the equation of NICs of APARCH-M 1 models with normal distributions is shown as f h δ .
Furthermore, the NICs of EGARCH -M 1 models with different distributions and the BSC of EGARCH -M 1 are demonstrated in Fig. 3, respectively .
Note that the curves of EGARCH are nondifferentiable at the lowest point and the curves are evidently skewed towards left.
The results by NICs of GJR-M 1 are confirmed with the NICs of the APARCH -M 1 and EGARCH -M 1 models. It is identified that asymmetric effect basically remains stable in spite of different options of specification. In particular, all the curves reflect an obvious shift to the left. Through the application of the NIC and BSC, how the asymmetric effects between different shocks work is highlighted clearly.
Application of ACI
With the help of (20), (21) and (22), the calculated ACI value of each model is summarized in Table 4 .
As can be seen from Table 4 the asymmetry of the NIC is measured quantitatively. It is apparent that the three conditional distributions specification of the same model induce remarkably different ACI values. The influence of conditional distribution on the ACI cannot be ignored.
Take the GJR-M model as an example: the ACI of GJR-M 1 with different conditional distribution is 0.594, 0.564 and 0.582, respectively. The ACI of GJR-M 1 -t has the least value-that is to say, the asymmetry of NIC_ GJR-M 1 -t is the weakest.
Furthermore, it appears that the GARCH type models with t-distribution often relate to a comparatively low ACI value in the result. All ACIs of the above GARCH type models with t-distribution have the lowest value (that is, 0.564, 0.429 and 0.609 respectively), while the NICs of models with normal distribution are on the contrary. The significant asymmetry of the above models could also be recognized by the NICs.
Forecasting performance
The wind power forecasting formula is given bŷ
whereÎ are modeled by the asymmetric GARCH type models, respectively. The GARCH model proposed by [16] , classical ARMA model are used as the benchmark model. Based on these forecasting models mentioned, 5 min wind power forecasting results for the coming 24 h are given. Several classical criteria, E RMSE (Root Mean Squared Error), E MAE (Mean Absolute Error) and E MAPE (Mean Absolute Percentage Error), are listed in Table 5 . After analyzing Table 5 , it turns out that the APARCH-M 1 model renders the best performance. Fig. 4 illustrates the out-of-sample forecasts by APARCH-M 1 model, and the upper and lower limits of the prediction interval is also presented.
Furthermore, the forecasting precisions of asymmetric GARCH-M models and their generalized version are satisfied and better than the traditional GARCH-M model. Fig. 3 The NICs and BSC of EGARCH-M1 models In this paper, an investigating framework for considering the impact of news on volatility in wind power is provided. First, the asymmetric effect on wind power volatility is reconfirmed. With the asymmetric GARCH model, it is evident that the impacts of negative shocks on volatility are weaker than positive shocks, ceteris paribus.
Second, the Benchmark Symmetric Curve is proposed as the new benchmark, which gives an analytical framework to compare the NIC of asymmetric GARCH models.
Third, the Asymmetric Curve Index (ACI) provides a corresponding quantitative measure to the asymmetry of the NIC. The case study validated the efficiency of an ACI.
In summary, the refined NIC analysis is advocated to describe heteroskedasticity. Thanks to the GARCH models, the theoretical analysis on asymmetric volatility in wind power time series can contribute to a further perception of some intrinsic features of wind power and considerably improve the forecasting precision.
Abbreviations ACI: Asymmetric Curve Index; BSC: Benchmark Symmetric Curve; NIC: News Impact Curve
